Web 2.0 is potentially a great force that can generate a vast wealth of knowledge, based on the collection of information from different individuals and communities, effectively representing a collective intelligence. This paper presents several essential steps from of an overall study on shaping new ways of learning and teaching, by using the synergetic merger of three different fields: Web 2.0, e-learning, and adaptation (in particular, personalization to the learner). These novel teaching and learning ways -the latter the focus of this paper -are reflected in and finally adding to various versions of the My Online Teacher 2.0 (MOT 2.0) adaptive system. In particular, this paper focuses on a study of how to more effectively use and combine the recommendation of peers and content adaptation to enhance the learning outcome in e-learning systems based on Web 2.0. In order to better isolate and examine the effects of peer recommendation and adaptive content presentation, we designed experiments inspecting collaboration between individuals based on recommendation of peers who have greater knowledge, and compare this to adaptive content recommendation, as well as to 'simple' learning in a system with a minimum of Web 2.0 support.
Introduction
The harnessing of collective intelligence has been a focus and branch of artificial intelligence over the last 30 years, but was defined much earlier, in 1955, by (Chardin 1995) . In fact, the idea of the "wisdom of the crowds" was already promoted by the ancient Greek philosopher (Aristotle 350 BC) in the fourth century BC in his work "Politics".
Recently, the term has been used also in connection with current web developments: communities of users represent more powerful entities than disparate individuals. Especially in the domain of e-learning 1 , such a notion is very important, as it lifts the burden on teachers and educators to some extent, as students can learn also from their social peers, and not only by soliciting the few available specialists. This trend of combining e-learning with Web 2.0 has created a new direction, that of e-learning 2.0 (Karrer, 2006) . One issue with e-learning 2.0 is, however, that, whilst it channels the 'wisdom of the crowds', it does not adapt to the personal needs and characteristics of a learner.
Adaptive Hypermedia (Brusilovsky, 1996) , and especially its application in the educational field, Adaptive Educational Hypermedia, is a field that has been developing for about 20 years, centred around personalization of content to a learner in a Web environment. Thus, it provides an e-learning paradigm which caters for the dynamic, changing needs, preferences, cognitive styles, knowledge, etc. of an individual learner. It thus addresses a lack in Web 2.0-based systems. However, unlike the latter, it does not provide for user interaction, and learners, although online, learn in isolation from their peers.
Responding to these issues, in previous research we have built a first version of a system, My Online Teacher 2.0 (MOT 2.0), which has successfully combined Web 2.0 features (such as tags, rating system, feedback, etc.) in order to support both learners (Ghali and Cristea 2009a) in personalized systems, as well as authors (Ghali and Cristea 2009b) .
In this paper, we are aiming to extend this system, in order to establish the best balance between Web 2.0 features (which have already proven satisfactory for learning, in previous research (Ghali and Cristea 2009a) ), personalization and adaptive peer recommendation, respectively. Therefore, we focus on the following research questions:
• Is an e-learning 2.0 environment enhanced by the addition of content-based adaptation? (i.e., is there a positive learning outcome in an environment based on collective intelligence enhanced with personalization of content?) • Is an e-learning 2.0 environment enhanced by the addition of peer recommendation? (i.e., is there a positive learning outcome in an environment based on collective intelligence enhanced with recommended peers to collaborate or learn from?) The questions above can be answered both via experimental analysis and objective measurements (such as knowledge tests 2 ).
• Moreover, for all the above questions, additionally, we want to find out what the perceived learning effect and usability of the paradigm is. The latter needs established via subjective feedback, such as in the form of a questionnaire. For the purpose of this analysis, a new version of MOT 2.0 was created, significantly extending a previous version that had already been evaluated.
The remainder of this paper is organized as follows. The next section introduces a generic scenario, which encompasses the overall scale of functionality desired in the targeted adaptive e-learning collaborative framework (Social Layers of Adaptation and their Operators, SLAOS (Cristea, Ghali and Joy, 2010) ) and system (MOT 2.0) from the learner perspective. This scenario also is then transformed in a set of overarching, generic requirements. Next, in section 3, the theoretical framework, SLAOS, is sketched. Following this, in section 4, two implementation cycles of the MOT 2.0 system are presented. The first cycle is summarized together with the evaluation results, which serves as an introduction and motivation to the second cycle, first time introduced in this paper. Next, in section 5, the hypotheses examined within this paper are presented, followed by the case study designed for their examination (section 6). The results of the evaluation are then presented on section 7, and the implications are discussed in section 8. Related research is considered in section 9, and finally, conclusions are drawn in section 10.
• Also at the same time, or as an alternative, the system could recommend to Jane to join a certain group (e.g., the 'Collaborative Filtering' group). This group could be useful because many discussions on Collaborative Filtering have already taken place, and joining will allow Jane to access these; or it could be useful because this group is working on a project on the same topic, and collaborating with them will give Jane better insight in the topic; etc. In the latter case, the system could also recommend a work distribution to Jane (e.g., Jane would be appropriate for writing a short essay on 'Data Mining leading to Collaborative Filtering', but not yet on 'Implicit Rating', for instance.
Conclusions and Required Features derived from the Learner scenario:
(1) The first desired feature is that of user-centred approach: the student should be able to select if the adaptation is triggered by the system or by herself, thus selecting between adaptivity and adaptability. Both approaches are known to have advantages and disadvantages. Amongst the most known are the fact that adaptive systems require little or no effort from the user, whereas adaptable systems allow the user to be in control. However, as (Fischer 2001) shows, implications reach the knowledge representation, which is internal in adaptive systems, and external (extended to the human user) in adaptable systems, thus requiring different mechanisms (more complex in the case of the adaptive systems). Here we take the pragmatic approach that both types should be possible, as well as any combination on the axis ranging from full system control to full user control (as supported by (Tsandilas and schraefel 2004) , and (Cristea et al. 2007) , amongst others). (2) One of the other desired features is that of adaptive content recommendation, at various levels of granularity: recommendation of whole modules, recommendation of items in modules, etc. This idea is similar to some of the adaptive educational hypermedia systems, however not identical, as most recommend only items in the current module. However, the granularity of the recommendations is a less explored area. Moreover, the recommendations should be also based on the relation between the current item (or module) and another item (or module). This relation can be the prerequisite relation, a similarity measure, or something else. Triggers of recommendation can be user triggers (such as asking for help, selecting some options) or system triggers (tracking of user's clicks, scrolling, time spent on a subject, tracking of completion: e.g., recommending another module if the current one is finished very early on, etc.). It is to be noted here that, whilst we use the term 'recommendation' when we talk about content that is suggested to a learner, one of the major differences between recommender systems and adaptive educational systems is that the latter usually presume (implicitly or explicitly) an order between the recommended elements (a path through the content, relations between more than two modules/items/steps), and thus the most frequently used relation is the prerequisite, whilst the recommender systems usually do not presume any order or multi-dimensional relation. Moreover, content model-based recommendations are inspired by recommender systems and not usually found in Adaptive Hypermedia (Brusilovsky, 1996) , which use simple user model-based recommendations. Here, we envision a combination of the two. (3) Another desired feature is that of peer 4 recommendation. The recommendation of peers can also take place at different granularity levels, such as recommending a peer that is generally more advanced in the topic, at the level of the whole module, or at the level of the current item, for instance. The triggers for peer recommendation are similar to the ones for content recommendation.
(4) The system should allow for communication channels between peers. These may be a simple chat tool, or a more complex VoIP 5 tool, with or without video or image transmission. However, these communication channels should be monitored 6 in order to be able to use this data in recommendation of peers. Thus, the communication data (including the people communicating) is to be annotated for its potential use (e.g., user John is annotated 'ReadyToHelp', as in (Fetter and Gross 2009) ).
(5) The system should allow for group formation and dissociation, for meta-data describing the groups (e.g., in terms of members, modules that are read by given groups, tasks group perform, interests, etc.).
In the following, the theoretical framework of the work will be sketched as a basis for the two software development cycles described.
Social LAOS Framework (SLAOS)
A framework, the Social LAOS Framework (SLAOS -see Figure 1 ) has been previously developed and extended for the overlaying of social, Web 2.0 functionality, over an existing adaptive hypermedia framework, LAOS (Cristea and De Mooij 2003) . It is not the purpose of this paper to go into more details about the SLAOS framework (Cristea et al. 2010) . Here we will only revisit the components that are relevant to the discussion of the prototypes and evaluations and we briefly explain the smooth transition from students to teachers and authors (see ) -the latter being 'just' users with more rights (and experience) in the system and beyond. 5 Voice over Internet Protocol, also known as Internet Telephony. 6 Here, again, the type of monitoring is not specifically mentioned, for the purpose of generality. Examples can be monitoring of frequently answering peers, monitoring of keywords (to connect topics of conversation with actual peers), etc. This can be then used to recommend peers who are more likely to answer, peers who discuss topics related to the current user's interest, etc. All these are directly dependent, of course, of the privacy settings and accepted levels of 'invasion' of privacy by the system users. mapping between the SLAOS and its implementation via the MOT 2.0 system; please refer to (Cristea et al. 2010) for the complete mapping: • The Resource model is the one storing the items that students are reading at a time, within a module. The social overlay over the resources is represented by meta-data such as ratings, feedback, etc. The Resource Model in SLAOS is represented as a collection of items in the MOT 2.0 system. The item refers to the smallest data entity. For example, the 'Introduction' item described in the previous learning scenario is an item. • The User model allows for the storing of data about a learner, teacher or author (e.g., the time spent on learning for a learner) as well as data about groups, rights of both users and groups, etc. Thus, the social aspects of the user model (overlaid over the initial adaptive personalization model) deal with interaction of multiple users and with groups of users, instead of individual users only. This is an essential deviation from regular Adaptive Hypermedia frameworks and systems, which traditionally deal only with the "current student". Personalization to this user takes usually place in a solitary environment, not influenced at all by the progress, interest or any other parameters regarding other users. The User Model in SLAOS is mapped into user/group variable-value pairs in the MOT 2.0 system. For example, the user Jane in the previous learning scenario can have a user model variable 'requiresHelp' which is set to the value of True.
• The framework allows for higher level specifications, such as goals of the adaptation process (here, the learning process) via the Goal model and more abstract handling of learning content via concepts in a Domain model. In the current two implementations, however, the three models Resource, Domain and Goal are implemented 'collapsed' over each other, for simplification. More precisely, the Domain Model in the MOT 2.0 system is introduced as a hierarchical representation of items, grouping them into modules. The hierarchical structure permits the reusability as the same item can be used in multiple modules. The module refers to the taught course. For example, the 'Collaborative Filtering' module described in the previous learning scenario represents a module. The Goal Model in MOT 2.0 assumes that the hierarchical relations in the domain model are prerequisites, unless conditions are added for individual items/modules to lift this assumption. As an example of a changed condition, the previous lesson (module) on 'Collaborative Filtering' can additionally be allocated a set of recommended modules, based on some criteria (e.g., similarity between topics). The recommendation is described in the next section (the second prototype).
• Moreover, the framework allows for representation of external environmental parameters, such as weather, or physical device, etc.; however this model is not yet implemented in the current two iterations of MOT 2.0, in order to simplify and focus the evaluations more on Web 2.0 adaptation only. The Environment Model in SLAOS is thus mapped to the physical device in the MOT 2.0 system. The types of physical device media can be PDA, Desktop Computers, Laptops, etc. There is a need to adapt to the nature of this media, even if the user is the same, as different screen sizes can affect the information transmitted. As an example, in the previous in learning scenario, Jane was using her laptop (with web browser) in order to access to MOT 2.0, as the default physical device. 
Prototypes
In this paper, we concentrate on the second prototype. However, in order to explain the changes introduced, as well as the new set of evaluation goals, we briefly describe the outcome of the evaluation of the first prototype, and then move on to the second one, as follows.
4.1First prototype
The first prototype of MOT 2.0 (My Online Teacher 2.0, Ghali and Cristea 2009a) concentrated mainly on a high level balance of the three roles: learner, author and teacher, and what adaptation meant to these roles. The complexity of the adaptation was not the issue (thus simple adaptation based on similarity of content was applied), but the type of adaptation necessary (or possible). Thus, a version of requirement (2), adaptive content recommendation, was implemented for the three roles, and results were collected based on this. Another issue analysed was group formation and rights within a group -as per requirement (5), for all roles (beside learner requirements, we have elicited requirements for the author and the teacher for this purpose). Thus, members of the same group were given similar rights, to begin with, thus keeping one variable constant, in order to focus on the study of the impact of group formation in e-learning 2.0.
One of the main ideas derived by this first research and prototype was that of the permeability of these roles: in a Web 2.0 environment, learners can become also authors, to a degree (for instance, they can add feedback to an item, they can tag items) and thus also implicitly teachers, to some extent (students who come after them benefit from these comments and tags and can learn from them). On the other hand, authors can also be supported in their authoring, by having appropriate content recommended to them (as per requirement (2), but applied for authoring) and thus learn something from the system (or their peers).
Moreover, another theoretical result was as follows: if we analyse the balance between the roles from the point of view of the rights in a Web 2.0 environment, authors can be defined by the fact that they have more rights than students, in terms of them being able to edit more items and modules. However, students also contribute. In principle, well-performing students should be able to 'gain' more rights by their 'good behaviour' or good results, and thus be able to achieve editing rights for certain items, or even module creation rights, and thus becoming 'full-fledged' authors. This idea was implemented and used in the second prototype, which is the main focus of the current paper.
The evaluations of the first prototype analysed also specifically the usefulness of the Web 2.0 features (such as grouping, tagging, rating, subscriptions) in an elearning context, which were overall appreciated as being useful (Ghali and Cristea 2009a) . These evaluations were performed both with designers, as well as students (as authoring (Ghali and Cristea 2009b) and learning were both analysed, along with the possibility of collaborative authoring and the idea of permeable rights). Thus, in the present study, these issues are not further explored. A remaining question was that of the usefulness of a varying degree of rights given to students, which was further taken into consideration and implemented in the second prototype.
Second prototype
The MOT 2.0 system used in the second round of evaluations was centred on the Learner scenario only. Hence, this paper focuses only on the learners and their needs. Concretely, the adaptation was enhanced with three specific types of adaptation, which we wanted to analyze in more detail:
• two types of adaptation (i.e., system-driven adaptation):
o adaptive recommendation of learning content, (corresponding to a partial implementation of requirement (2) in the Learner scenario in section 2) and o adaptive recommendation of peers (corresponding to a partial implementation of requirements (3) and (4) in the same Learner scenario in section 2); • one type of adaptability (i.e., user driven adaptation):
o adaptable user privileges (corresponding to a version of implementing requirement (1) from the Learner scenario in section 2, of giving the learner control). The main focus of the second experiment was on the two types of adaptation envisioned above. This allowed us to study the effect of overlaying adaptive content recommendation and peer recommendation, respectively, over a Web 2.0 learning environment. Please note that, although the overarching learner scenario, as introduced in section 2, ultimately aims at combining these various types of adaptation, in the evaluations we took care to isolate the different types, in order to study their effects separately.
Below, a simplified version of the algorithms created for this second prototype, corresponding to the two types of adaptation and the one type of adaptability, are presented.
Recommended learning contents
Recommending learning contents is the typical endeavour of adaptive hypermedia. Various techniques have been analysed and implemented (Brusilovsky 1996) . However, most adaptive hypermedia systems are a 'one-player-game', i.e., they adapt to only the current user, usually without any external influence from other users. Here, the purpose was not to use a content-based recommendation method only, but to use a method that also utilized the Web 2.0 characteristics of the environment: in this case, average rating given to an item by users who have read it. Thus, the resulting mixed methodology uses content-based parameters in the form of the similarity measure (here, at the granularity of whole modules) as well as the rating of the module to be recommended.
• RM: us the Recommended Modules set for the current module, M.
• Similarity (M, M i ): is the cosine similarity between the current module M, and any other module M i stored in the MOT 2.0 system. The similarity is calculated between two strings, each string representing the tag (keyword) set that best describes the module. Each item is represented as a set of keywords describing the content of this item. As each module consists of a set of items, therefore, the module's tags represents the union of all items' tags. We have used this simplified formula, as currently we were not aiming at obtaining necessarily the best module recommendation -a good enough solutions suffices -the main target is the comparison of these recommendations in the context of Web 2.0 features whilst adding peer recommendations in the same context. Other possible formulas can be used, which would take into account that the rating (value) of a module can be different from the average rating of its components.
• M i : refers to the other modules in MOT 2.0; the variable i is the module identifier.
• Value_1: is the desired threshold value of the similarity, which can be any value between 0 and 1. This is a simple adaptive content recommendation procedure, where modules are recommended to users, depending on where they click (thus depending on what items they've selected). Please note that Value_1 is determined by the teacher to match the course requirements.
• Rating (M i ): represents the average rating of the items in the module. Each module consists of a set of items, and each item has a rating.
• Value_2: the desired threshold value of the average rating, which can be any value from 1 to 5 (between the maximum and minimum values). Please note that Value_2 is also determined by the teacher to match the course requirements. Concluding, content is recommended to learners (as per requirement (2) in the Learner scenario) when the content is similar to the current module, only if, however, the rating of that content is high. This means that the behaviour of other users influences the possibility of content to be recommended.
Recommended (expert) peer learners:
A specific advantage in e-learning 2.0 is the fact that the collective knowledge of other users can be exploited: the user is not a singular entity anymore, and other users can help him. This corresponds to requirement (3) (and implicitly, (4)) in the Learner's scenario, and has been implemented additionally in the second version of MOT 2.0. Various algorithms could have been used, but for the purpose of this study, just a simple one based on recommending users of higher (in fact, 'acceptable') knowledge has been implemented, as follows below.
• RU: the Recommended Users set for the current module, M.
• M: the current module.
• User (knowledge, M): the User's knowledge level for the current module, M.
• Value: is the desired category for the knowledge level, which can be one of "beginner", "intermediate", or "expert".
The value used in the experiments was Value = "expert", thus recommending expert learners to other users. The inclusion of a user to a certain category was determined automatically, via tests. Please note that whilst this peer recommendation mechanism is not dependent on the current user characteristics, it does however take into account the overall distribution of user knowledge. This represents an intermediary step between adaptive systems and recommender systems. Moreover, the application of the two recommendation strategies (content and peers) is based on the group the student belongs to. For example, learning content recommendation is used for group 2, and recommended expert learners are solely recommended to group 3. In turn, group membership is derived based on individual user characteristics (here: knowledge level, as explained in section 6.1).
User's privileges based on the knowledge:
Finally, the following adaptable strategy was selected to determine the user rights in the e-learning 2.0 environment. Based on a test, the user knowledge could be determined, and thus the exact set of rights for a user could be set. Every time the user would take the test, these rights would be updated -thus the procedure was entirely user-driven (as per requirement (1) in the Learner scenario).
If (User (knowledge, M) == Value) { CanView = V1; CanRate = V2; CanTag = V3; CanFeedback = V4; } where:
• User (knowledge, M): the User's knowledge level from the current module, M.
• Value: is the value of the knowledge level, which can be "beginner", "intermediate", or "expert".
• V1, V2, V3, V4: is a Boolean value of 0 or 1, which determines if the user has a privilege or not. For instance, an expert was allowed to view, rate, tag and feedback -as his opinion was considered to count more than that of an intermediate or a beginner. The exact settings are further detailed in the case study. To tests the appropriateness of content and peer recommendation in the e-learning 2.0 setting, we have separated the two types of adaptation, and formed an e-learning 2.0 control group. However, the adaptive conference of rights could not be entirely separated, due to the fact that Web 2.0 rights (annotation, rating, feedback) affect not only the user on which they are bestowed, but also the other users as well. Hence it was considered important to bestow these rights in proportion to the knowledge the learner demonstrated, as further explained in section 6.1
With these overall algorithms implemented in the system, we could form a number of hypotheses to be tested, which are introduced in the following.
Hypotheses
The overall motivation for the second version of the MOT 2.0 system is the assumption that the recommendations of other learners and learning contents will increase the learners' effectiveness, efficiency, and satisfaction in the learning process. Thus, in short, we have the following:
• Purpose of adaptation: the adaptation can be used to increase the learning outcome using the Social Web.
• Method of adaptation: the adaptation can take place by using the recommended learning content and recommended peers (experts).
• Method of evaluation: by a case study followed by a questionnaire to evaluate the hypotheses. MOT 2.0 tool will be used with real users in real world use.
Therefore, the main Null-hypothesis that we are trying to refute is: • H0: MOT 2.0 does not influence the learning outcome.
The counter-hypotheses to refute H0 are:
• H1: MOT 2.0 increases the learning outcome (for the learners who need help by further reading of related recommended content or by being helped by recommended peers).
• H1.1: MOT 2.0 increases the effective learning outcome.
• H1.2: MOT 2.0 increases the perceived learning outcome.
• H2: MOT 2.0 decreases the learning effort (for the learners who need help by further reading of related recommended content or by being helped by recommended peers)
Further hypotheses we are analysing are:
• H3: MOT 2.0 increases the satisfaction (for the learners who need help by further reading of related recommended content or by being helped by recommended peers).
• H4: MOT 2.0 is easy to learn and use (i.e., MOT 2.0 functions and screens are easy to understand).
• H5: MOT 2.0 is easy to remember (i.e., MOT 2.0 functions and commands are easy to remember so that the learners do not have to learn it again when they log on again).
Case Study

General Description of the Case Study
The case studies are the main evaluation methods of MOT 2.0. They are used to field test the system components. In particular, the overall aim of the current case study is to explore: o Recommended learning content based on the learner's profile. o Recommended users (peers) based on the learner's profile.
These two adaptation mechanisms need to be analysed separately, in order to make sure that their distinct characteristics are measured, and in order not to obtain skewed or correlated results. However, the two adaptation mechanisms are not applied in a 'simple' e-learning system, but integrated in an e-learning system with Web 2.0 functionality (such as tagging, rating, etc.). Thus, the evaluation is performed in the specific context of Web 2.0 e-learning or e-learning 2.0.
The measures and the criteria of this case study are: usefulness of the recommendations of users and learning contents, which includes the efficiency and effectiveness of the recommendations of users and learning contents, as well as the satisfaction of the learners about the recommended learning content and the recommended other learners. The overall aim for the case study is to analyse the validity of the hypotheses introduced in the previous section.
We have performed the evaluations with 24 students in Computer Science at the University of Warwick. These students were studying a module entitled 'Dynamic Web-based Systems'. The students were a mixture of 4th year MEng and 1st year MSc students. The scenario (described below) was applied to these students during their regular studies, as one of the seminars/lectures, with the topic of 'Collaborative Filtering'. The time allocated for the seminar was of two hours, but students could spend less (or more) on their study, depending on their needs. The class the case study was performed in is the last in the students' program (normally, between 4-6pm) and thus students don't have any other class afterwards to rush to, and can spend as much (or as little) time as they wish. Participation in this type of study was treated as any participation in a seminar or lecture: thus, it was not compulsory. Students would be able to leave at any time, even if they wouldn't have finished their work, or stay beyond the two hours allocated, if necessary for them to finish. Also, students were clearly told that, whilst the topic is part of their curriculum topics, and thus is useful to learn for the final exam, none of the work they performed during the class is marked in any way, or affects in any way their final grade (including, specifically, negative feelings for the tools, methodology, etc.). The teacher in charge of the class was not present, in order not to add any pressure on students.
Scenario Steps
In order to establish the effect of recommendations of content, peers, or the lack of recommendations in the context of Web 2.0, MOT 2.0 can recommend content, as an adaptive hypermedia system, but at the same time, it can recommend peers that can help with the learning process (e.g., recommending more experienced peers, that could help the student with the current questions). This effect of recommendations or lack thereof is further evaluated for different types of students, grouped by their knowledge level. Thus, • the participants take a pre-test to determine their knowledge level (for a selected domain) out of: beginner, intermediate, advanced. Next, this knowledge level is to be used in two types of adaptation: one is peer recommendation, and the other one is adaptation of user privileges. Thus, • based on the knowledge level, the participants are given a different set of privileges: -Beginner users can only read the learning material.
-Intermediate users can read the learning material, as well as add comments.
-Advanced users are allowed to read the learning material, edit the tags, rate the content, and add comments. Additionally, advanced learners are expected to act as peer experts on the topics that they were classified as "advanced" on, and thus be able to answer questions from their peers.
• The participants are asked to accomplish a learning goal using MOT 2.0 (i.e., to learn a specific lesson on "Collaborative Filtering").
• In order to achieve the learning goal, the participants are divided into three subgroups: -Group one: the first group, acting as a control group, would perform the learning activity by using MOT 2.0 without any help from the content recommender, or the (expert) learners' recommender. However, this group, just like the others, would benefit from Web 2.0 support. Thus, e-learning 2.0 is the starting point for this research. Arguments of how e-learning 1.0 is useful for learning are to be found in prior research (Ghali and Cristea 2009a) . Moreover, this group also benefitted from adaptive user privileges, dependent on their knowledge level, as described in section 4.2.
-Group two: the second group would learn by using MOT 2.0, with the help of recommended learning content, but without the help of the recommended learners. Thus, this group has been created to evaluate the benefits of recommended content, in the context of e-learning 2.0.
-Group three: the third group would learn by using MOT 2.0, without the help of the recommended content, but with the help of the recommended learners. Thus, this group's role is to inspect the benefits of peer recommendations, in the context of e-learning 2.0.
Additionally, efforts were made to balance the groups, as follows. The process used for division into groups aims at distributing participants of each of the three knowledge levels, beginners, intermediate and advanced, as evenly as possible between the three groups. This is done in order not to have one group outperforming the other due to its 'lucky' repartition of students. The repartition is based on the pretest.
The three screenshots below show the different views upon the learning environment available to the three groups.
All groups view the learning content in the middle part of their screens (see Figures 2, 3, 4) .
Social actions such as rating, tagging and feedback (typical of Web 2.0 settings) are available to all users in all groups (as long as their knowledge level permits it). This means concretely that all environments (see Figures 2, 3, 4 ) present on the right side of the screen rating (current rate of the item displayed in the center of the screen, as well as allowing a user to rate), tagging (current tags of the item displayed in the centre of the screen, as well as allowing a user to add new tags) and finally, feedback (feedback from other users, as well as allowing the current user to add his own tags).
The module structure is also available for all three groups (this is the hierarchical view of the module on the left side of each of the screens in Figures 2, 3,  4) .
The differences are that group 1 and 2 also see other modules (Figures 2, 3 ), on the lower left side of the screen (all modules in the case of group 1, with no adaptation; and recommended modules only, in the case of group 2). Also, the last figure (Figure 4) shows that in the case of group 3, experts are recommended (right middle side of the screen) and communication facilities are available (also right side of the screen, lower part of the screen, chat window). Thus, the learning environments of Group 1 and 3 differ in two aspects: "All Modules" and "Chat tool".
The design decision in this case study was mainly focusing on comparing the learning outcome between the social environment (Figure 2) , the social environment with recommended learning content (Figure 3) , and the social environment with recommended expert learners (Figure 4) . Therefore, the design decision was focusing on excluding the recommendations for Group 1 (Figure 2) , adding only the recommended learning content for Group 2 (Figure 3) , and adding only the recommended learners and the chat tool for Group 3 (Figure 4 ), in order to isolate the impact of the recommendations. However, all groups benefitted from adaptive user priviledges. As there were evenly distributed among groups (due to the approximately even distribution of beginner, intermediate and advanced students to groups), it is reasonable to assume that this adaptation doesn't influence the differentiation process. • After learning, the participants take a post-test (which is identical to the pre-test) to determine the learning outcome by comparing the pre-test and post-test answers for each learner.
• The effectiveness of the previous three groups (in terms of learning outcome) is to be determined by comparing the pre-test and post-test answers for each group.
• Finally, the participants answered a questionnaire about the system usability.
• During the learning activity, the system can log the following activities of the participants: -Date and time of reading the learning content (items).
-Date and time of reading the recommended learning content (items).
-Date and time of answering the pre-test.
-Date and time of answering the post-test.
-Comments of the participants.
-Tags added by the participants.
-Rating added by the participants.
• Based on the answers of the post-test, the learner's knowledge level is updated accordingly.
• After updating the user profile, the learner's privileges are updated as well.
These scenario steps are depicted also in the figure below. Figure 5 . Scenario Steps.
Results
In order to establish the validity of the hypothesis H1.1, we analyse the actual learning outcomes of the students. Overall, the students performed better in the post-test, when compared to the pre-test, and only in a very few (5 out of 21) cases they performed similarly, as can be seen in the figure below. The post-test average was 8.38, and 2.17 marks higher than the pretest, on a scale from 0 to 10 (0-worst, 10-best mark). In the following, we analyse first overall, and then based on groups and initial levels (beginner, intermediate, advanced) the statistical significance of the student results.
Comparison of pre-test and post-test for all students
Firstly, we analysed if there is a significant difference in the learning outcome for all students in all three groups learning with MOT 2.0. The results are shown below. The test used is the paired T-Test, as the marks for all students were compared before and after the learning took place and the data was checked for normal distribution with the Anderson-Darling test. From the initial 24 students that took the pre-test, only 87.5% took the posttest. This is due to the fact that the whole activity was not strictly compulsory. The three students that didn't take the post-test had a very wide spread of initial marks (4, 6 and 7, respectively), so the decision cannot be attributed to their knowledge level. They were also from different groups; thus, the group distribution cannot be associated with their choice. As students were allowed to stay as long as they wished (there were no other classes after the one they took), it also was not a matter of running out of time (at least, from the point of view of allocated time; personal timing reasons may have played a role there).
Paired T for pre-test -post-test
For the remaining 87.5% students that took both pre-test and post-test, the Pvalue clearly shows that significant learning took place for all students (the post-test average value is higher than the pre-test average mark with 2.17, and the difference is significant with confidence interval 95%).
Next, we analyse the learning that took place in each group (g1-g3). The students of groups 1 and 3 have shown statistically relevant increases in their marks (with 2 and 1.8 respectively, in the confidence interval 95%). The students of group 2 have a higher average increase in the mark (2.5) but this is not statistically significant for the 95% interval -but only in the 90% interval.
Paired T for pre-test g1 -post-test g1
We have also looked into the question if the learning outcome is higher for students that are categorized as beginners, intermediate or advanced (given the average of 6.2 for the lot). We have analysed beginners with marks of 5 and below, intermediates with mark 6, and advanced students with mark 7 and above. The results are displayed and analysed below. These results are interesting, as they show that for all three categories, beginner, intermediate and advanced students, there was a positive learning outcome of statistical relevance in the 95% interval. However, the marks average difference is different for the three categories: 3.4, 2.1 and 0.8 respectively, showing the largest benefit for the beginner students, the next for intermediate students, and the least for advanced students. Thus, although all students benefit from the learning environment, and the learning outcome is positive in a statistically significant way, they benefit in different ways. The system is bringing the students closer together to a common denominator, which is overall statistically significantly higher than where they started.
Paired T for pre-test beg -post-test beg
Students' Perception Questionnaire
The following questions were used to elicit the students' subjective perception of the tool 7 . Questions appear paired with the hypothesis they target: 
I believe that the interaction with the system is: Easy to remember. / Hard to remember. Neither easy nor hard. (H5)
The answers were mapped over the numerical values of {-1, 0, 1}, with '-1' representing the negative answer (e.g., for question Q1, 'Decreases learning outcome'), '1' representing the positive answer (e.g., for question Q2, 'Easier') and '0' representing the neutral answer (e.g., for question Q3, 'Neither better nor worse'). The assumption underlying this mapping is that there is an implied monotonicity in the answer range, as well as a symmetric, equidistant relation between the positive and the negative answer. This is a relatively strong assumption, but which we consider compatible with the type of answers we have selected.
From the 24 students that took the pre-test, 87.5% took also the questionnaire (the same 87.5% that performed the post-test, as the two were linked in a sequence in the testing environment). The overall results relative to their answers to the five questions above are presented in the figure below. The questionnaire results represent the students' subjective perception about the MOT 2.0 system (as opposed to the test results, which are representing the objective measure of the learning outcome). 85.7% students have declared that the MOT 2.0 system changes the learning outcome, and only 14% have declared it has no influence on their learning outcome. Students were also asked to comment on their answers, but not all of them did. Out of the 14% that declared that the system has no influence on their learning outcome, only added a comment, as follows: "I don't know, I didn't get to see the group 1 or 2 tracks.".
Clearly here the issue was that the student believed the question to refer to the learning experience of all groups, and not just his own. Question 2 directly asks the students to compare MOT 2.0 with other learning systems in terms of difficulty of use. Question 1, on the learning outcome, was left on purpose somewhat open -we did not mention improving learning with respect to something specific (as in Question 2), leaving it up to the students to compare with what is most familiar to them -which is not necessarily the traditional learning method, because students learn in a variety of ways at our university. We also had to define the notion of learning outcome for them, as not all students would know what this means. These precautions unfortunately did not prevent all possible misconceptions -and having done evaluations with students for many years, we are aware that it is practically impossible to remove (or think in advance of) every possible misconception. We do know however that the students at our university are very much used to answer questionnaires, and know not to be afraid of any consequences -so if their perception would have been negative, it would have clearly shown.
Overall thus, a statistically significant majority felt the system helped in learning, regardless of the group to which they belonged, thus accepting hypothesis H1. The next question of equal majority of opinion (85.7% of the students) is the one concerning user satisfaction, which is increased by using the system. The statistically significant positive result confirms hypothesis H3. For Question 4, corresponding to hypothesis H4, 81% of the students believe that the interaction with the system is easy to learn. Only one student selected 'hard to learn', but s/he didn't comment on the answer to explain why she felt that way. The same student was the one that selected later for Question 5 that the system is hard to remember (thus showing consistency of opinion). The same student also considered that the system has no influence on the learning outcome, this perception however is contradicted by his objective results (6 in pre-test and 8 in post-test). Thus, although this student learned, he didn't feel as if he did, which can be interpreted both positively (learning was unobtrusive and effortless) as well as negatively (learning could have been harder than normal; he would have expected to learn more from the system). In terms of learning to use the tool, and the negative feelings of this student, a colleague in the same group 3 (with recommended peers), who actually selected 'easy to learn' may be shading some light on the potential issues with using the tool and learning how to use it, as follows from her comment:
"Some elements aren't as obvious as they could be but it's generally very easy. I wasn't sure how to use the chat function immediately and it would help if the feedback box had a text input to start with. Red/green on the topic tree isn't useful to red/green colour-blind (1 in 10 men?) but the icons serve the same purpose it seems so that's ok."
Overall, however, a statistically significant majority confirmed that MOT 2.0 is easy to learn, and thus hypothesis H4 is thus accepted. Fewer students (76%), but still a statistically significant majority believe that the system is also easy to remember. Only one student very briefly comments on this question, as follows: "few elements so easy".
Only 67% students believe that MOT 2.0 is easier to use than other systems 8 , the other 33% believing it is neither easier nor more difficult. Overall, all five hypotheses were accepted, based on statistically significant results, as shown below: Next, we attempted to evaluate the questionnaire results from the point of view of the group that a respective student has been placed in. Thus, for each group (G1, G2, G3), we re-examined the answers to the questions (Q1 -Q5) and thus the rejection/confirmation of the respective hypotheses (H1-H5) The results above thus confirm all hypotheses for all groups with a confidence of 95%. There is one exception (in Red Italics above), question Q5 about hypothesis H5 predicting that the learning effort required to use MOT 2.0 is low, for group G2, which is the one that received help in the form of recommended content, which can only be confirmed with a confidence of 90%. Three students in that group claimed the learning effort is less than for other systems, and another three claimed that it is similar. A possible explanation is the fact that the students had already seen other adaptive systems based on content recommendation previous to this experiment, earlier on in their study, and may have thus felt there is a similarity there -similarity which was not so obvious for the students that were being recommended peers (which they hadn't seen before) or the ones not benefitting of either of those recommendations.
These positive results however do not inform on any significant differences between the groups. Thus, further on, we have examined the time the learners spent in the various activities. The results are presented below. Overall, as can be seen in the figure and data below, the students have spent around half an hour (out of the allocated 2 hours) studying the module on 'Collaborative Filtering' via the MOT 2.0 system -although some clear outliers exist (a student spending only 13 minutes, and one 58 minutes). Thus, the more representative middle value is the median, of 26 minutes. Although the overall allocated time was of two hours, the results show however that the average time spent really learning (as opposed to answering questionnaires of tests) was around half an hour -with large variations between 13-58 minutes). Thus, the question arises, if such a relatively short learning session is not detrimental to collaboration. For instance, if someone would have to perform a learning task in half an hour, and at the same time help someone else, he might not be so willing to help, whereas if he would have the same assignment spread over a whole week, he might be more inclined to assist others as well. A short term study thus may lower the amount of collaboration, whereas spread-out learning sessions would perhaps increase the amount of collaboration. Generally speaking, whilst this type of longitudinal studies might reveal interesting aspects of collaboration, they are much harder to perform. Moreover, a counter-argument would be that an intensive learning session with clear synchronous presence (and thus a higher guarantee of a quick answer) may be conducive to a higher level of collaboration, whereas a spread-out learning session may lower the same collaboration, due to the uncertainty regarding the speed (and thus the timeliness) of the result. This is similar to a forum site that has had no activity for a while, and thus might be less conducive to posting questions to. Thus, we believe that, whilst a longitudinal study may reveal indeed other aspects of collaboration, in fact, it would be a different type of collaboration altogether (geared towards asynchronicity, as opposed to the synchronous collaboration we have explored). This is allocated to future research, as commented later on in the discussion. However, our main focus is on how adaptation can be used in this context, and not 'simply' on how to use Web2.0 methods in e-learning. From our experience in monitoring the case study, the students in the groups that were allocated communication tools were quite happy to use them, even if the overall time they spent in the case study is relatively short. The very fact that there were no immediate effects of their learning results in terms of marks meant that they didn't feel too much pressure, and could explore at leisure all the features of the tool. Nevertheless, even withstanding the effect of the novelty of the tool, and the added learning curve of learning how to use it, the students clearly showed a positive learning outcome.
Interestingly, on average, the students in the control group (group 1) spent less time studying than the ones in groups 2 and 3. As the studying time was up to them (they all had to finish within an hour, but other than that, no fixed time was set), this could indicate an increase in interest in studying for the students that benefit from recommended content or recommended peers.
To some extent this result could have been predicted. The current MOT 2.0 implementation does not function as an adaptive system, where the system functions as a filtering mechanism that removes unwanted or unnecessary information, and thus the time spent on the study could be expected to be shorter, but as an adaptive system that provides extra information, additionally to the main content -in the form of additional content for group 2 and recommended peers for group 3. However, the interesting element was that there was no compulsion in following the system's recommendations, as the user is in charge. Thus, this means that the students may have opted to follow the system's recommendations out of their own will. We have also traced if this was the case, and found that 62.5% of the learners followed the recommendations of the system for group 2 (with recommended content). We don't have this data on the students of group 3, but clearly they spent extra time continuing their discussion with their recommended peers, ending up spending the longest time. The students in Group 3 were using random usernames, thus the factor of knowing each other well was less influential.
Thus, students that did not belong to the control group opted to work longer with the system, and learn for a longer period of time. Also remarkably, whilst their learning time is longer than that of the control group, their test response time grew shorter. Indeed, students in the control group spent more time in their post-test than in their pre-test -clearly thinking their answers over carefully. Whilst students in groups 2 and 3 spent a significantly lower amount of time in their post-test (P-Value = 0.1 for the latter two groups), group 2 students halving their test time. This result is clearly based on the students' choice, as students could remain as long as they wished to complete their activities. As the overall results show that learning has taken place in all three groups, with statistically significant increase in learning outcomes (with 90% or 95% confidence), the results of the timing of learning and tests shows that students like to spend more time in learning environments with peer recommendation and adaptive content recommendation, and that they are more confident in their test answers as a consequence of this extra time spent. Moreover, the decrease in time spent on the test shows that the longer time spent in the system was having a learning effect, and not just being based on other reasons, such as more overhead, or distraction.
Discussion
As educators, arguably, we keep looking for better ways to persuade students to learn, and spend more time on their learning activities, and less on their extra-curricular activities. As this initial results show, it looks like environments that encompass the power of features of the social web, building learning communities and adaptive learning systems may be the answer to this aim. Offering students environments that are close to what they use every day in their extra-curricular life makes learning more attractive. After the experiment was over, students have very expressly conveyed their wish for us not to take the system offline, as they still want to use it later on. Clearly, although none of the students had benefitted from a full-blown system with all features (as we tried to separate them in our experiment), the system was functional and interesting enough to make them want to come back for more.
We can also conclude that guided interaction with their peers, in communities and groups, is a very popular feature. It visibly made students spend more time in their learning environment than the students with adaptive content recommendations, and these, in turn, spend noticeably more time than their colleagues in the control group. As great care was taken in order to place students of various expertise and knowledge levels (beginner, intermediate, advanced) in the three groups in an even manner, the results can thus only be attributed to the system features, and not to the students themselves. Moreover, whilst the students might have been, to some extent, 'gaming' with the new features, the extra time spent in the system helped them to do their tests faster, thus learning took place during this extra time.
It should be noted that in the experiment we have only tested the short term memory, as the test followed immediately after the learning session. We expect this to be the reason that the learning outcomes of the students in the different groups to not differ that much from each other. We also expect that the students that have put the effort into the longer learning sessions may benefit from the knowledge acquired in the long term. This is to be tested later in the year. One feature which was introduced but not analysed in details in the questionnaires is that of adaptive user privileges. Thus, advanced users benefitted from having more rights of Web 2.0 nature in the learning environment when compared to their intermediate level and beginner peers. Revisiting the results of the learning outcome evaluation, they showed that, whilst all students benefitted from the MOT 2.0 system, the highest benefit was for beginner students. This demonstrates at least that having less privileges did not affect them in a negative way, and perhaps allowed beginner students to concentrate better on their learning task. However, these results are not conclusive, and the effect of adaptive privileges, both on tool acceptance, as well as on the learning outcomes, need further evaluated.
There was an indirect success of the repartition into groups and the adaptation of privileges based on knowledge level, as there was no obvious dissension due to the fact that some users had more rights (such as feedback, tagging, rating) or duties (such as answering peer questions) than others. However, these results cannot be seen as conclusive, and more research of adaptive rights and privileges needs to be done.
Also, the design decision in this case study was mainly to focus on comparing the learning outcome between the social environment (Figure 2) , the social environment with recommended learning content (Figure 3) , and the social environment with recommended expert learners (Figure 4) . Therefore, the design decision was focusing on excluding the recommendations for Group 1 (Figure 2) , and adding only the recommended learning content for Group 2 (Figure 3) , and adding only the recommended learners and the chat tool for Group 3 (Figure 4 ), in order to isolate the impact of the recommendations. Thus, the learning environments of the Group 1 and 3 differ in two aspects: "All Modules" and "Chat tool" (for talking to recommended expert learners). Group 2 has "Recommended Modules" instead of showing "All Modules", like Group 1, but it has no "Chat tool". All groups had rating, tags and feedback.
Finally, we consider that the main added value of Web 2.0 applications is to allow users to interact with each other in various ways, beyond the classical discussion groups, chat and VoiP: to allow rating, tagging, commenting on contributions, and thus to some extent to become co-authors of systems. This is the aspect of Web 2.0 that we use in this paper. Additionally, openness, as in other Web 2.0 systems, is also possible (in the form of links to external resources). This also allows for a certain degree of remix of data from multiple sources (OReilly, 2007) . Moreover, features such as self-organization are also supported, as students and teachers all contribute to the system, determining thus the transfer of the system from one state to another, till convergence occurs (at least in terms of content).
One might claim that adaptive e-learning and Web 2.0 based personal learning environments are representing two opposite and incompatible pedagogical approaches (because of their contrasting views on self-directed learning). This paper is trying to build a bridge between these two islands. The empirical study with the MOT 2.0 system demonstrates that impact of content-based adaptation is the largest in case of students who are on the beginner's level, which is coherent with the idea that novice learners need more structured scaffolding.
Related Research
The Social LAOS framework and the MOT 2.0 system bridge the gap between three different research areas: Adaptive Hypermedia, e-learning, and Web 2.0 (see Figure  9 ). As there is little research that encompasses all, we look at some relevant researches in the overlapping areas, as follows: 1) Web 2.0 in e-learning 2) Adaptive e-learning 3) Peer recommendations in e-learning 4) Adaptive collaborative learning.
Therefore, here we will analyse related research within these four areas. By looking at the research on Web 2.0 in e-learning, we can mention the work of (Isaías et al. 2009 ), which mainly focuses on combining learning management systems and social networks. (Isaías et al. 2009 ) argues that the use of social networks is critical, as they provide a method of interaction between students themselves and between students and teachers. Beyond this, in our work, MOT 2.0 focuses on the novelty in the area of collaborative personalized learning and Web 2.0 based adaptation, as well the interaction that occurs between the users within the system. The decision to provide the various tools in an integrated Learning Management System (LMS), as opposed to connect it to other Web 2.0 applications on the Internet is typical especially in the area of learning, in order to have more control over the teaching/learning process. Although here we have also created an LMS we also allow for the fact that it is a potentially controversial matter and, in some cases, interfacing of various applications may be very helpful (Ankolekar et al. 2008) .
On the other hand, we found that not all social network applications provide a usable interfacing mechanism (public API 9 , web services, etc.), meaning that some social networks cannot be integrated with an LMS. An example of an extremely popular Web 2.0 application that has interfacing issues is Facebook -as Google CEO Eric Schmidt noted (Schmidt 2009 ):
"If we can't get the data, it's very, very difficult for us to rank it. Facebook has chosen to keep much of its data behind a wall, that's what it has decided to do. We favor openness, because we think that works best for the users."
Further related work is that of (Bateman et al. 2006) , who designed a new approach for creating metadata for learning resources, not by using semantic web ontologies, but by allowing the creators (i.e., the students) to add new metadata via collaborative tagging websites. Our approach relies on the students not only for creating the metadata (tags in the case of MOT 2.0), but also for other social features, such as rating, feedback, as well as collaborative authoring.
On the other hand, work such as that of (Alexander 2006) tried to answer questions about how Web 2.0 can be used to create new ways of teaching: such as wikis, blogs and social bookmarking. For example, the social bookmarking feature in Web 2.0 can be used in the universities between staff, students and teachers, to quickly find the shared bookmarks of other users. In our work, MOT 2.0 uses other Web 2.0 features inside the system, rather than adding wikis, blogs, etc to MOT 2.0.
Moreover, the work in (Rollett et al. 2007 ) focused on using blogs, as a new way of learning, and concluded that it will be hard to pass on some Web 2.0 featuressuch as trust, openness, voluntariness and self-organisation -to the traditional existing learning method. In our approach, we control this aspect of the system by defining sets of groups, and assigning different privileges for different users in different groups.
Finally, the work in (Franklin and van Harmelen 2000) concentrated on content sharing via Web 2.0 mechanisms in Higher Education, and reported some problems, which are out of the scope of this paper but worth considering: "The introduction of Web 2.0 systems into HE is not without problems, as there are ramifications in the areas of the choice of types of systems for institutional use; external or institutional hosting; integration with institutional systems; accessibility; visibility and privacy; data ownership, IPR and copyright for material created and modified by university members and external contributors; control over content; longevity of data; preservation; information literacy; staff and student training; and appropriate teaching and assessment methods."
Looking at adaptive e-learning and its related researches, such as adaptive educational hypermedia, intelligent tutoring systems, etc, we find a great body of research, and quite a few applications have been written and implemented.
Our work on the adaptive aspects of e-learning follows prior research and implementations, such as the work of (De Bra 2002) , who has been creating the adaptive engine AHA!, that tracks user's browsing behaviour to decide the user's knowledge, background and interests. However, AHA! does not support social features such as tagging, rating, feedback as in MOT 2.0. The personal reader in (Dolog et al. 2004 ) uses semantic web technologies to enrich and personalize the learning resources. This work is very interesting, but is still in progress. Our approach does not rely heavily on semantic web techniques, although import from RDF, for instance, is possible. Furthermore, the work in (Carro et al. 1999 ) describes a way of creating adaptive Web based courses. Adaptivity in (Carro et al. 1999) is implemented by displaying different HTML pages based on the students' profile, their previous actions, and the active learning strategy. However, no social interaction between the students and the system is provided, as in MOT 2.0.
A part of the work has focused on benefiting from the adaptivity in e-learning via standards, as in (Paramythis and Loidl-Reisinger 2004) , who defined adaptive learning as follows:
"a learning environment is considered adaptive if it is capable of: monitoring the activities of its users; interpreting these on the basis of domain-specific models; inferring user requirements and preferences out of the interpreted activities, appropriately representing these in associated models; and, finally, acting upon the available knowledge on its users and the subject matter at hand, to dynamically facilitate the learning process."
There is also a significant body of work on peer recommendations. The work in (McCalla 2004) argues that e-learning systems can be adapted continuously, as the external environment changes. The external environment includes learners, teachers, the learning subject, and the technology that is being used in the e-learning system based on the "ecological approach". In the ecological approach, the information about the web content is attached to the content as the users access it. This approach can underlie the design of applications such as: 1) "a help seeker", to find a learner who can help in solving another learner's problem; 2) "a recommender system", to recommend learning content to a learner that is relevant to the learner's task. In our work, we use the concept of the "ecological approach" to recommend expert learners and learning content based on the user profile. On the other hand, the work in (Zheng and Yano 2007) proposed the use of context awareness to support peer recommendations in e-learning systems. The context awareness model has three dimensions: knowledge potential, social proximity and technical access. Our approach does not rely on the context of the learner, but it uses instead user profiles to provide recommended learning contents and recommended users.
The learning environment described by Yang (2006) consists of three systems: 1) peer-to-peer content access and adaptation system; 2) personalized annotation management system; and 3) multimedia real-time group discussion system. It uses the ubiquitous learning paradigm, with features such as identifying the right collaborators, right contents and right services in the right place at the right time, based on a learner's surrounding context, such as where and when the learners are (time and place), what the learning resources and services available for the learners are, and who are the learning collaborators that match the learners' needs (Yang 2006) . Our approach does not rely on the context of the learner, but it uses instead user profiles to provide recommended learning contents and recommended users.
Last but not least, the work on adaptive collaborative learning is important, but not yet well represented. Whilst collaborative learning is a major strand, applying adaptation to such learning is less represented. A related work is that of (Meccawy and Blanchfield 2008) , who reported a case study for delivering adaptation through Moodle. However, their approach does not yet adapt to social aspects of the LMS, nor to the group of learners. In MOT 2.0, we do cater to groups and social aspectshowever, we do not connect to any LMS directly, but we provide a set of converters (Ghali and Cristea 2008) which can import from, or export to e-learning standards. The social aspects in MOT 2.0 can be used in the recommendation process (i.e., recommend expert learners, recommend content with rating >= threshold, recommend a group with content that has highest rating, etc.). Another work (Kumar et al. 2007) reported that students learned significantly more when they worked in pairs, than when they worked alone, which reflects the importance of adaptive collaboration learning support. Similarly in MOT 2.0, we focus on the adaptive collaborative learning support by using social and grouping features. Additionally, the work in (Gaudioso and Boticario 2003) described how to build user models in a web-based collaborative learning environment. Their user models allow for a combination of machine learning and knowledge-based techniques. In our work, we build the user model based on the user knowledge as well as their actions in MOT 2.0. Furthermore, the work in (Alfonseca et al. 2006) suggested the possibility of improving collaborative learning, by grouping students in specific ways, based on information stored in their user models. In MOT 2.0, the grouping mechanism is slightly different, as it is based on the given course. However, it is more flexible, as the teacher can create multiple groups and assign different privileges to different users based on their knowledge, or other parameters.
Summarizing, whilst there are clearly many other important works in these four research areas, our work's uniqueness and novelty are based on bringing these areas together, and benefitting from this synergetic approach, as it is illustrated in a succinct way in the following figure. 
Conclusion
Considering the initial research questions that were the driving force behind this paper, we can conclude that:
• An e-learning 2.0 environment may be enhanced by the addition of content-based adaptation, not perhaps in terms of increased learning outcome, but in terms of attractiveness and time spent learning by students; additionally, exam time is significantly decreased.
• Moreover, such an environment is enhanced by the addition of peer recommendation, as the time spent learning is even higher than for content-based adaptation; similarly, exam time is significantly decreased.
For all the above paradigms, the perceived learning effect and usability of the paradigm are significantly higher than other systems; however, no differentiation in perception between the paradigms could be established. Additionally, we have shown this type of system to help all students, but to help beginner and intermediate students more than advanced ones.
For further research, as all of these features were considered separately useful, we plan of introducing them all together, as per the overall scenarios presented in this paper, and analyse their usefulness both in a quantitative and qualitative manner. Currently, this implementation has been performed, and evaluation data are being analysed.
To conclude, we can say that we have performed another step towards harnessing the power of collective intelligence, and Web 2.0 functionality, augmenting and extending it with the specific type of personalization and adaptation that it allows. These results feedback in the areas of Web 2.0 development, but, also importantly, in the area of adaptation, illustrating the new possibilities created by the social paradigm.
